11
stages are characterised by specific transcriptional states, associated with different pathways. 23
We further identified that endodormancy can be separated in several phases based on the 24 transcriptomic state. We also found that transcriptional profiles of just seven genes are enough 25 to predict the main cherry tree flower bud dormancy stages. 26
• Our results indicate that transcriptional changes happening during dormancy are robust and 27 conserved between different sweet cherry cultivars. Our work also sets the stage for the 28 development of a fast and cost effective diagnostic tool to molecularly define the flower bud 29 stages in cherry trees. November and flowering time (March-April). Branches were incubated in water pots placed under 110 forcing conditions in a growth chamber (25°C, 16h light/ 8h dark, 60-70% humidity). The water was 111 replaced every 3-4 days. After ten days under forcing conditions, the total number of flower buds that 112 reached the BBCH stage 53 (Meier, 2001; Fadón et al., 2015) was recorded. The date of dormancy 113 release was estimated as the date when the percentage of buds at BBCH stage 53 was above 50% after 114 ten days under forcing conditions (Fig. 1a) . Mini kit (Qiagen) with minor modification: 1.5% PVP-40 was added in the extraction buffer RLT. 119 RNA quality was evaluated using Tapestation 4200 (Agilent Genomics). Library preparation was 120 performed on 1 μg of high quality RNA (RNA integrity number equivalent superior or equivalent to 121 8.5) using the TruSeq Stranded mRNA Library Prep Kit High Throughput (Illumina cat. no. RS-122-122 2103) for 'Cristobalina', 'Garnet' and 'Regina' cultivars. DNA quality from libraries was evaluated 123 using Tapestation 4200. The libraries were sequenced on a NextSeq500 (Illumina), at the Sainsbury 124
Laboratory Cambridge University (SLCU), using paired-end sequencing of 75 bp in length. 125
126

Mapping and differential expression analysis 127
The raw reads obtained from the sequencing were analysed using several publicly available software 128 and in-house scripts. Tophat (Trapnell et al., 2009 ). Possible optical duplicates were removed using Picard tools 133 (https://github.com/broadinstitute/picard). The total number of mapped reads of each samples are 134 given in Table S2 . For each gene, raw read counts and TPM (Transcripts Per Million) numbers were 135 calculated (Wagner, 2003) . 136
We performed a differential expression analysis on data obtained from the 'Garnet' samples. First, 137 data were filtered by removing lowly expressed genes (average read count < 3), genes not expressed 138 in most samples (read counts = 0 in more than 75% of the samples) and genes presenting little ratio 139 change (coefficient of variation < 0.3). Then, differentially expressed genes (DEGs) between bud 140 stages (organogenesis, paradormancy, endodormancy, dormancy breaking, ecodormancy, see Table  141 S1) were assessed using DEseq2 R Bioconductor package (Love et al., 2014) , in the statistical software 142 R (R Core Team 2018), on filtered data. Genes with an adjusted p-value (padj) < 0.05 were assigned 143 as DEGs (Table S3) . To enable researchers to access this resource, we have created a graphical web 144 interface to allow easy visualisation of transcriptional profiles throughout flower bud dormancy in the 145 three cultivars for genes of interest (bwenden.shinyapps.io/DorPatterns/). 146
147
Principal component analyses and hierarchical clustering 148 distance matrix to define ten clusters (Table S3) . For expression patterns representation, we normalizedthe data using z-score for each gene: 152
where TPMij is the TPM value of the gene i in the sample j, meani and standard deviationi are the mean 154 and standard deviation of the TPM values for the gene i over all samples. 155
Principal component analyses (PCA) were performed on TPM values from different datasets using the 156 prcomp function from R. 157
For each cluster, using data for 'Garnet', 'Regina' and 'Cristobalina', mean expression pattern was 158 calculated as the mean z-score value for all genes belonging to the cluster. We then calculated the 159
Pearson's correlation between the z-score values for each gene and the mean z-score for each cluster. 160
We defined the marker genes as genes with the highest correlation values, i.e. genes that represent the 161 best the average pattern of the clusters. Keeping in mind that the marker genes should be easy to 162 handle, we then selected the optimal marker genes displaying high expression levels while not 163 belonging to extended protein families. 164
165
Motif and transcription factor targets enrichment analysis 166
We performed enrichment analysis on the DEG in the different clusters for transcription factor targets 167 genes and target motifs. 168
Motif discovery on the DEG set was performed using Find Individual Motif occurrences (FIMO) 169 To calculate the overrepresentation of motifs, DEGs were grouped by motif (grouping several genes 171 and transcripts in which the motif was found). Overrepresentation of motifs was performed using 172 hypergeometric tests using Hypergeometric {stats} available in R. Comparison was performed for the 173 number of appearances of a motif in one cluster against the number of appearances on the overall set 174 of DEG. As multiple testing implies the increment of false positives, p-values obtained were corrected 175 using False Discovery Rate (Benjamini & Hochberg, 1995) correction method using p.adjust{stats} 176 function available in R. 177
A list of predicted regulation between transcription factors and target genes is available for peach in 178
PlantTFDB (Jin et al., 2017) . We collected the list and used it to analyse the overrepresentation of 179 genes targeted by TF, using Hypergeometric {stats} available in R, comparing the number of 180 appearances of a gene controlled by one TF in one cluster against the number of appearances on the 181 overall set of DEG. p-values obtained were corrected using a false discovery rate as described above. 
Bud stage predictive modelling 211
In order to predict the bud stage based on the marker genes transcriptomic data, we used TPM values 212 for the marker genes to train a multinomial logistic regression. First, all samples were projected into a 213 2-dimension plan using PCA. The new coordinates were used to train and test the model to predict the 214 five bud stage categories (function multinom from the nnet R package, (Ripley & Venables, 2016) . 215 each gene in each sample using a cDNA standard curve and normalized by the expression 218 corresponding to the October sample. We chose the date of October as the reference because it 219 corresponds to the beginning of dormancy and it was available for all cultivars. For each date, the 220 mean expression values of the seven marker genes were projected in the PCA 2-dimension plan 221 calculated for the RNA-seq data and they were tested against the model trained on 'Cristobalina', 222
'Garnet' and 'Regina' RNA-seq data. 223
224
RESULTS
225
Transcriptome accurately captures the dormancy state 226
In order to define transcriptional changes happening over the sweet cherry flower bud 227 development, we performed a transcriptomic-wide analysis using next-generation sequencing from 228 bud organogenesis to flowering. According to bud break percentage ( 
flowering. 237
We identified 6,683 genes that are differentially expressed (DEGs) between the defined bud 238 stages for the sweet cherry cultivar 'Garnet' (Table S3) . When projected into a two-dimensional space 239 (Principal Component Analysis, PCA), data for these DEGs show that transcriptomes of samples 240 Heatmap for 'Garnet' differentially expressed genes during bud development. Each column corresponds to the gene expression for flower buds from one single tree at a given date. Clusters are ordered based on the chronology of the expression peak (from earliest -July, 1-dark green cluster -to latest -March, 9 and 10). Expression values were normalized and z-scores are represented here. 
pathways 253
We further investigated whether specific genes or signalling pathways could be associated with 254 the different flower bud stages. Indeed, the expression of genes grouped in ten clusters clearly shows 255 distinct expression profiles throughout the bud development (Fig. 3) . Overall, three main types of 256 clusters can be discriminated: the ones with a maximum expression level during organogenesis and 257 paradormancy (cluster 1: 1,549 genes; cluster 2: 70 genes; cluster 3: 113 genes; cluster 4: 884 genes 258 and cluster 10: 739 genes, Fig. 3 ), the clusters with a maximum expression level during endodormancy 259 and around the time of dormancy breaking (cluster 5: 156 genes; cluster 6: 989 genes ; cluster 7: 648 260 genes and cluster 8: 612 genes, Fig. 3) , and finally the clusters with a maximum expression level during 261 ecodormancy (cluster 9: 924 genes and cluster 10, Fig. 3 ). This result shows that different groups of 262 genes are associated with these three main flower bud phases. Interestingly, we also observed that, 263 during the endodormancy phase, some genes are expressed in October and November then repressed 264 in December (cluster 4, Fig. 3 ), whereas another group of genes is expressed in December (clusters 8, 265
5, 6 and 7, Fig. 3 ) therefore separating endodormancy in two distinct phases. 266
In order to explore the functions and pathways associated with the gene clusters, we performed 267 a GO enrichment analysis (Fig. 4, Fig. S3 ). GO terms associated with the response to stress as well as 268 biotic and abiotic stimuli were enriched in the clusters 2, 3 and 4, with genes mainly expressed during 269 organogenesis and paradormancy. During endodormancy (cluster 5), an enrichment for genes involved 270 in response to nitrate and nitrogen compounds was spotted. On the opposite, at the end of the 271 endodormancy phase (cluster 6, 7 and 8), we highlighted different enrichments in GO terms linked to 272 basic metabolisms such as nucleic acid metabolic processes or DNA replication but also to response 273 to alcohol and abscisic acid. Finally, during ecodormancy, genes in cluster 9 and 10 are enriched in 274 functions associated with transport, cell wall biogenesis as well as oxidation-reduction processes ( Fig.  275   4, Fig. S3 ). These results show that different functions and pathways are specific to flower bud 276 development stages. 277 278 Specific transcription factor target genes are expressed during the main flower bud stages 279
To better understand the regulation of genes that are expressed at different flower bud stages, 280
we investigated the TFs with enriched targets (Table 1) as well as the enriched target promoter motifs 281 (Table S4) in the different gene clusters. Among the genes expressed during the organogenesis and 282 paradormancy phases (clusters 1, 2, 3 and 4), we observed an enrichment for motifs of several MADS-283 box TFs such as AGAMOUS (AG), APETALA3 (AP3) and SEPALLATA3/AGAMOUS-like 9these TF families have been shown to participate in the response to abiotic factors. Similarly, we found 288 in the cluster 4 target motifs enriched for PavDREB2C (Table S4) , potentially involved in the response 289 to cold (Lee et al., 2010) . Interestingly, we identified an enrichment in the cluster 5 of targets for 290 CBF4, and of genes with motifs for several ethylene-responsive element binding TFs such as 291 PavDREB2C. We also observed an enrichment in the same cluster for genes with motifs for ABI5 292 (Table S4 ). All these TFs are involved in the response to cold, in agreement with the fact that genes in 293 the cluster 5 are expressed during endodormancy. 
301
Genes belonging to the clusters 6, 7 and 8 are highly expressed during deep dormancy and we 302 found targets and target motifs for many TFs involved in the response to abiotic stresses. For example, 303
we found motifs enriched in the cluster 7 for many TFs of the C2H2 family, which is involved in the 304 response of wide spectrum of stress conditions, such as extreme temperatures, salinity, drought or 305 oxidative stress (Table S4, found that among the TFs with enriched targets in the clusters, only ten display changes in expression 312 during flower bud development (Table 1, Table S4 , Fig. S4 ), including PavABF2, PavABI5 and 313
PavRVE1. Expression profiles for these three genes are very similar, and are also similar to their target 314 genes, with a peak of expression around the estimated dormancy release date, indicating that these TFs 315 are positively regulating their targets (Fig. S4) . 316
Finally, genes belonging to the cluster 10 are expressed during ecodormancy and we find an 317 enrichment for targets of PavMYB14 (Table 1 ). Expression profiles suggest that PavMYB14 represses 318 expression of its target genes during endodormancy (Fig. S4) , consistently with the functions of 319
Arabidopsis thaliana MYB14 that negatively regulates the response to cold (Chen et al., 2013). 320
Overall, these results show that a small number of TFs specifically regulate target genes during the 321 different flower bud stages. 322
323
Expression patterns highlight bud dormancy similarities and disparities between three cherry 324 tree cultivars 325
Since temperature changes and progression through the flower bud stages are happening 326 synchronously, it is challenging to discriminate transcriptional changes that are mainly associated with 327 one or the other. In this context, we also analysed the transcriptome of two other sweet cherry cultivars: 328 'Cristobalina', characterized by very early flowering dates, and 'Regina', with a late flowering time. 329
The span between flowering periods for the three cultivars is also found in the transition between 330 endodormancy and ecodormancy since ten weeks separated the estimated dates of dormancy release 331 between the cultivars: 9th December 2015 for 'Cristobalina', 29th January 2016 for 'Garnet' and 26th 332 February 2016 for 'Regina' (Fig. 1a) . The transition from organogenesis to paradormancy is not well 333 documented and many studies suggest that endodormancy onset is under the strict control of 334 environment. Therefore, we considered that these two transitions occurred at the same time in all three 335 cultivars. However, the two months and half difference in the date of transition from endodormancy 336 to ecodormancy between the cultivars allow us to look for transcriptional changes associated with this 337 transition independently of environmental conditions. To do so, we compared the expression patterns 338 of the previously identified DEGs between the three contrasted cultivars throughout flower bud stages 339 (Fig. 1b) . When projected into a PCA 2-components plane, all samples harvested from buds at the 340 same stage cluster together, whatever the cultivar (Fig. 5) , suggesting that the stage of the bud has
343
To go further, we compared transcriptional profiles throughout the time course in all cultivars. 344
For this we analysed the expression profiles in each cultivar for the clusters previously identified for 345 the cultivar 'Garnet' (Fig. 6) . Due to the low number of genes, clusters 2, 3 were not further studied in 346 the three cultivars and we considered that the expression patterns for the genes in cluster 6 were 347 redundant with clusters 5 and 7 therefore we simplified the analysis on seven clusters. In general, 348 averaged expression profiles for all clusters are very similar in all three varieties, with the peak of 349 expression happening at a similar period of the year. However, we can distinguish two main phases 350 according to similarities or disparities between cultivars. First, averaged expression profiles are almost 351 similar in all cultivars between July and November. This is especially the case for clusters 1, 4, 7, 8 352 and 9. On the other hand, we can observe a temporal shift in the peak of expression between varieties 353 from December onward for genes in clusters 1, 5, 8 and 10. Indeed, in these clusters, the peak or drop 354 in expression happens earlier in 'Cristobalina', and slightly later in 'Regina' compared to 'Garnet' 355 (Fig. 6 ), in correlation with their dormancy release dates. These results seem to confirm that the 356 organogenesis and paradormancy phases occur concomitantly in the three cultivars while temporal 357 shifts between cultivars are observed after endodormancy onset. Therefore, similarly to the PCA 358 results (Fig. 5) , the expression profile of these genes is more associated with the flower bud stage than 359 with external environmental conditions. 360 ecodormancy are characterised by specific transcriptional states. In theory, we could therefore use 366 transcriptional data to infer the flower bud stage. For this, we selected seven marker genes, for clusters 367 1, 4, 5, 7, 8, 9 and 10, that best represent the average expression profiles of their cluster (Fig. 6) . 368
Expression for these marker genes not only recapitulates the average profile of the cluster they 369 originate from, but also temporal shifts in the profiles between the three cultivars (Fig. 6b) . In order to 370 define if these genes encompass as much information as the full transcriptome, or all DEGs, we 371 performed a PCA of all samples harvested for all three cultivars using expression levels of these seven 372 markers (Fig. S7) . The clustering of samples along the two main axes of the PCA using these seven 373 markers is very similar, if not almost identical, to the PCA results obtained using expression for all 374 DEGs (Fig. 5) . This indicates that the transcriptomic data can be reduced to only seven genes and still 375 provides accurate information about the flower bud stages. 376
To test if these seven markers can be used to define the flower bud stage, we used a multinomial 377 logistic regression modelling approach to predict the flower bud stage in our dataset based on the 378 expression levels for these seven genes ( Fig. 7 and Table S5 ). We obtain a very high model accuracy 379 (90%) when the training and testing sets are randomly picked. The model also shows a high accuracy 380 (82 to 87%) when predicting the bud stage of samples from the 'Garnet' or 'Regina' cultivars and 381 trained on the two other cultivars (Table S5 ). These results indicate that the bud stage can be accurately 382 predicted based on expression data by just using seven genes. In order to go further and test our model 383 in an independent experiment, we analysed expression for the seven marker genes by RT-qPCR on 384 buds sampled from another sweet cherry tree cultivar 'Fertard' for two consecutive years (Fig. 7a) . We 385 find a high accuracy of 71% for our model, trained on our data for all three cultivars 'Regina', 'Garnet' 386 and 'Cristobalina', to predict the flower bud stage for the 'Fertard' cultivar (Fig. 7c) . In particular, the 387 chronology of bud stages was very well predicted. This result indicates that these seven genes can be 388 used as a diagnostic tool in order to infer the flower bud stage in sweet cherry trees. 389 390 Discussion 391
392
In this work, we have characterised transcriptional changes at a genome-wide scale happening 393 throughout cherry tree flower bud dormancy, from organogenesis to the end of dormancy. To do this, 394
we have analysed expression in flower buds at 11 dates from July 2015 to March 2016 for three 395 cultivars displaying different dates of dormancy release, generating 82 transcriptomes in total. Thisduring dormancy (Fig. 8) . We have shown that buds in organogenesis, paradormancy, endodormancyand ecodormancy are characterised by distinct transcriptional states (Fig. 2, 3 ) and we highlighted the 399 different pathways activated during the main cherry tree flower bud dormancy stages (Fig. 4 and Table  400 1). Finally, we found that just seven genes are enough to accurately predict the main cherry tree flower 401 bud dormancy stages (Fig. 6, 7) . 402
403
Global lessons from transcriptomic data on the definition of flower bud dormancy stages 404
Our results show that buds in organogenesis, paradormancy, endodormancy and ecodormancy 405 are characterised by distinct transcriptional states. This result is further supported by the fact that we 406 detected different groups of genes that are specifically expressed at these bud stages (Fig. 3) . 407
Specifically, we found that the transcriptional states of flower buds during endodormancy and 408 ecodormancy are very different, indicating that different pathways are involved in these two types of 409 dormancy. This is further supporting previous observations that buds remain in endodormancy and 410 ecodormancy states under the control of different regulation pathways. Indeed, ecodormancy is under 411 the control of external signals and can therefore be reversed by exposure to growth-promotive signals 412 (Lang et al., 1987) . On the opposite, endogenous signals control endodormancy onset and maintenance 413 and a complex array of signalling pathways seem to be involved in the response to cold temperatures 414 Another interesting observation is the fact that samples harvested during endodormancy can be 417 separated into two groups based on their transcriptional state: early endodormancy (October and 418 November), and late endodormancy (from December to dormancy breaking). These two groups of 419 samples are forming two distinct clusters in the PCA (Fig. 5) , and are associated with different groups 420 of expressed genes. These results indicate that endodormancy could potentially be separated into two 421 periods: early and late endodormancy. However, we have to keep in mind that cold temperatures, 422 below 10°C, only started at the end of November. It is thus difficult to discriminate between 423 transcriptional changes associated with a difference in the bud stage during endodormancy, an effect 424 of the pronounced change in temperatures, or a combination of both. Alternative experiments under 425 controlled environments, similarly to studies conducted on hybrid aspen for example (Ruttink et al., 426 2007), could improve our knowledge on the different levels of endodormancy. 427
We also show that we can accurately predict the different bud stages using expression levels 428 for only seven marker genes (Fig. 7) . This suggests that the definition of the different bud stages based 429 on physiological observation is consistent with transcriptomic profiles. However, we could detect 430 substantial discrepancies suggesting that the definition of the bud stages can be improved. Indeed, we 431 observe that samples harvested from buds during phases that we defined as organogenesis and 432 paradormancy cluster together in the PCA, but away from samples harvested during endodormancy. 433
Moreover, most of the genes highly expressed during paradormancy are also highly expressed during 434 organogenesis. This is further supported by the fact that paradormancy is a flower bud stage predicted 435 with less accuracy based on expression level of the seven marker genes. In details, paradormancy is 436 defined as a stage of growth inhibition originating from surrounding organs (Lang et al., 1987 ) 437 therefore it is strongly dependant on the position of the buds within the tree and the branch. Our results 438 suggest that defining paradormancy for multiple cherry flower buds based on transcriptomic data is 439 difficult and even raise the question of whether paradormancy can be considered as a specific flower 440 bud stage. Alternatively, we propose that the pre-dormancy period should rather be defined as a 441 continuum between organogenesis, growth and/or growth cessation phases. We find that sweet cherry flower bud stage can be accurately predicted with the expression of 498 just seven genes. It indicates that combining expression profiles of just seven genes is enough to 499 recapitulate all transcriptional states in our study. This is in agreement with previous work showing 500 that transcriptomic states can be accurately predicted using a relatively low number of markers (Biswas 501 et al., 2017). Interestingly, when there are discrepancies between the predicted bud stages and the ones 502 defined by physiological observations, the model always predicts that stages happen earlier than the 503 actual observations. For example, the model predicts that dormancy breaking occurs instead of 504 endodormancy, or ecodormancy instead of dormancy breaking. This could suggest that transcriptional 505 changes happen before we can observe physiological changes. This is indeed consistent with the 506 indirect phenotyping method currently used, based on the observation of the response to growth-507 inducible conditions after ten days. Using these seven genes to predict the flower bud stage would thus 508 potentially allow to identify these important transitions when they actually happen. 509
We also show that the expression level of these seven genes can be used to predict the flower bud stage 510 in other conditions by performing RT-qPCR. This independent experiment has also been done on two 511 consecutive years and shows that RT-qPCR for these seven marker genes as well as two control genes 512 are enough to predict the flower bud stage in cherry trees. It shows that performing a full transcriptomic 513 analysis is not necessary if the only aim is to define the dormancy stage of flower buds. This would 514 offer an alternative approach to methods currently used such as assessing the date of dormancy releaseby using forcing conditions. In addition, this result sets the stage for the development of a fast and cost 516 effective diagnostic tool to molecularly define the flower bud state in cherry trees. Such diagnostic 517 tool would be very valuable for researchers working on cherry trees as well as for plant growers, 518 notably to define the best time for the application of dormancy breaking agents, whose efficiency 519 highly depends on the state of dormancy progression. 
